Next-generation sequencing technologies with markers covering the full Glomeromycota phylum were used to uncover phylogenetic community structure of arbuscular mycorrhizal fungi (AMF) associated with Festuca brevipila. The study system was a semi-arid grassland with high plant diversity and a steep environmental gradient in pH, C, N, P and soil water content. The AMF community in roots and rhizosphere soil were analyzed separately and consisted of 74 distinct operational taxonomic units (OTUs) in total. Community-level variance partitioning showed that the role of environmental factors in determining AM species composition was marginal when controlling for spatial autocorrelation at multiple scales. Instead, phylogenetic distance and spatial distance were major correlates of AMF communities: OTUs that were more closely related (and which therefore may have similar traits) were more likely to co-occur. This pattern was insensitive to phylogenetic sampling breadth. Given the minor effects of the environment, we propose that at small scales closely related AMF positively associate through biotic factors such as plant-AMF filtering and interactions within the soil biota.
Introduction
Arbuscular mycorrhizal fungi (AMF) form symbiotic relationships with the majority of land plants, facilitating the uptake of nutrients from soil in exchange for plant-assimilated carbon (Smith and Read, 2008) . They have important roles in ecosystem functioning through their influence on biogeochemical processes (van der Heijden et al., 2008; Veresoglou et al., 2012) and on the structure and productivity of plant communities (van der Heijden et al., 1998; Jansa et al., 2008) . The question that affects predominate in structuring AMF communities remains only partially answered and detailed information on mechanisms is sparse in spite of recent advances (for example, Ö pik et al., 2009 Caruso et al., 2012; Lekberg et al., 2013) .
Grasslands cover one-fourth of the Earth's land surface and harbor most of herbaceous plant diversity (Shantz, 1954) . AMF are the dominant symbiotic fungi in these systems. Although several recent studies deal with AMF in grasslands (Karanika et al., 2008; Verbruggen et al., 2010; Stover et al., 2012) , most of these studies simply cataloged species or use molecular techniques that preclude in-depth characterization of AMF communities. The scale of most studies generally exceeds the likely extent of an individual AMF, and this hampers inferences about species interactions at a local scale (Gai et al., 2012; González-Cortés et al., 2012; Verbruggen et al., 2012; Zubek et al., 2012) . Moreover, AMF niche space is likely to be complex because of small-scale heterogeneity of soil (Veresoglou et al., 2013) , and thus large-scale studies may overlook important drivers of local AMF community assembly.
Recent research has shown that niche-based processes and environmental filtering are the dominating factors in structuring AMF communities, while neutral dynamics have a minor role (Lekberg et al., 2007; Dumbrell et al., 2010a Dumbrell et al., , 2010b ). Yet, although AMF diversity in natural systems is typically measured by using taxon-based approaches, considering AMF phylogeny may provide additional information on processes impacting AMF community structure and functioning (Lekberg et al., 2013) . Indeed, a greenhouse study showed that the phylogenetic breadth of an AMF community can positively affect co-existence, and thus the resulting AMF species richness and plant performance (Maherali and Klironomos, 2007) . It has also been shown that phylogenetic relatedness among AMF is positively associated with coexistence (Roger et al., 2013) . However, the study of the predictive power of phylogeny relative to spatial and environmental determinants of fungal community structure is in its infancy, although mechanisms such as facilitation or the bidirectional interaction between plant and AMF in forming the symbiosis may be uniquely signaled by phylogenetic patterns. In fact, phylogenetic distance can reflect trait convergence or displacement if traits are phylogenetically conserved, which implies that nonrandom phylogenetic patterns in species distribution can reflect underlying processes such as competition, interactions with the soil biota or habitat filtering (Kembel and Hubbel, 2006; Kembel et al., 2010; HilleRisLambers et al., 2012) . For example, phylogenetic dispersion (that is, segregation) is expected to occur under competitive processes, while trait selection processes may lead to phylogenetic clustering (that is, aggregation).
AMF species identification has historically been based on spore morphology, which suffers from some significant shortcomings (Hempel et al., 2007; Taylor et al., 2013) . Classical cloning and Sanger sequencing is costly, often preventing in-depth sequencing of environmental samples. The development of next-generation sequencing techniques (Margulies et al., 2005) facilitates the assessment of AMF communities at the species level in environmental samples (Ö pik et al., 2009, 2010) , overcoming limitations inherent to morphological or genetic fingerprinting-based identification. The development of a new AMF-specific primer-set (Krü ger et al., 2009 (Krü ger et al., , 2012 allows access to an unprecedented amount of AMF diversity data in the field, as this primer set is both highly specific to AMF and amplifies all taxa within this group (Krü ger et al., 2009) .
Here, we assessed the role of different factors that shape the AMF community in a semi-natural grassland. We had three main questions: (1) Do environmental factors structure the AMF community? (2) How much influence do distance-based effects and stochastic events have on AMF community structure? (3) Is the AMF community phylogenetically structured?
Our hypotheses regarding the community effects of each of the three components under investigation are further described in Figure 1 . In order to disentangle the explanatory power of each of these three known factors shaping community composition, we extensively sampled the dominant plant species and used a variance partitioning approach to estimate variance explained by these factors while controlling for potential co-variation.
Materials and methods

Study area and sample collection
The grassland we studied is situated in a natural reserve at Mallnow, Lebus (Brandenburg, Germany, 52127.778 0 N, 14129.349 0 E). The reserve is known for its different types of species-rich dry grassland and has been managed by low-intensity sheep grazing for at least 500 years (Ristow et al., 2011) . At the beginning of October 2010, we sampled a larger plot of 15 Â 15 m (henceforth called 'macroplot') located on the slope of a hillside. The uphilldownhill axis of the hillside where the macroplot is located is characterized by a steep soil textural Proposed relationship between AMF community structure and the environmental, spatial and phylogenetic components. The symbols represent AMF communities of varying species composition. We expect the spatially structured environment (a) to be influencing AMF community composition either by environmental filtering or spatial processes. Environmental filtering will lead to fungal species aggregating along the environmental gradient. AMF communities in similar environments will be more similar to each other, no matter the spatial position (left diagram). Spatial processes like dispersal limitation will cause AMF communities to be more similar that are closer to each other, independent of the environmental properties in each sample (right diagram). The phylogenetic component (b) is expected to either cause segregation (overdispersion) or aggregation (clustering) of the AMF species co-occurrence in a sampled community. Phylogenetic clustering is expected when particular phylogenetically conserved trait values are selected in one sample over the other, and will show closely related species occurring more frequently (left diagram). Overdispersion is expected when AMF with increasingly different traits are increasingly more likely to co-occur, for example, through limiting trait similarity and/or niche partitioning, and will show less closely related species occurring more frequently (right diagram). We expect the actual data to be composed of a mixture of all the depicted effects, which will be disentangled by variance partitioning.
Phylogeny and AMF community assembly S Horn et al gradient from highly sandy (downhill) to sandyloamy (uphill) soils. Geochemical analysis revealed that other soil parameters highly relevant for AMF communities, namely pH, carbon, nitrogen and plant available phosphorous (Kivlin et al., 2011) , strongly varied along the soil texture gradient (Supplementary Table S1 ). Specifically, pH, which is known to have important effects on AMF (Dumbrell et al., 2010b) , varied from 5.5 to 8.3.
We assessed the local AMF community in the roots and surrounding soil of Festuca brevipila R. Tracey. F. brevipila is by far the most abundant species in our macroplot (coverage 460% and in some case 480%) as well as throughout the grassland of the study area. This approach standardized the observed AMF community on an organism of wide prevalence, allowing a precise, yet general definition of the community unit: the AMF associated with the rhizosphere of the dominant grass. We used nine plots of 3 Â 3 m equally distributed across the macroplot in order to reduce the amount of sampling necessary for capturing the whole extent of the gradient. Despite this sub-partitioning of the macroplot, we analyzed the samples across sampling locations (that is, the roots of an individual grass and its soil form the community unit), rather than based on plots. The sampling was replicated by taking soil cores (5 cm radius, 15 cm deep) centered on six randomly chosen F. brevipila individuals per plot, resulting in 54 (6 plants Â 9 plots) sampling locations (henceforth called 'samples') in total. This sampling allowed us to detect spatial patterns within and between plots with intervals ranging from about 1 to nearly 15 m. Each soil core was thoroughly homogenized before subsampling for the different analyses. Roots were washed in Millipore water before subsequent analysis. Soil variables were measured according to the protocol provided in the Supplementary Information. To assess AMF colonization, a subsample of the roots was stained with Trypan blue, assessed at Â 200 using the magnified gridline intersect method (McGonigle et al., 1990) .
DNA extraction, 454-pyrosequencing and operational taxonomic unit (OTU) delineation We used 250 mg of each soil and washed root material per core to extract DNA using the PowerSoil DNA Isolation Kit (MoBio Laboratories Inc., Carlsbad, CA, USA) and the procedures in the manufacturer's manual. Then we created 454-pyrosequencing amplicon pools using AMF-specific primers (Krü ger et al., 2009) following the protocol in the Supplementary Information, which involved three PCRs of 30 cycles each. We used a primer mixture, which increased competition for target molecules, delays exponential growth of products and therefore justifies an increased cycle number, but should theoretically also lead to a reduced PCR bias toward more abundant species. As our results are consistent with the findings of other diversity studies on AMF concerning the representation of genera (Ö pik et al., 2010; Maherali and Klironomos, 2012) , we assume no bias despite the high number of PCR cycles. Sequencing of the samples was done using the primer set LR3 and LR0R (Hofstetter et al., 2002) . These two primers span an area of about 900-950 bp, including the variable D1-D2-D3 region of the large sub-unit and are conserved among eukaryotes (Vilgalys and Hester, 1990) , therefore preserving the diversity obtained by the AMF-specific primers. LR3 was tagged with adapter B, LR0R was fused with the adapter A and error-correcting barcode sequence (Hamady et al., 2008) for the 454 run, so we sequenced from the 3 0 -end of our target sequence toward the start of the large sub-unit. 454-Pyrosequencing was done at Duke University Sequencing core facility (Durham, NC, USA) using the Titanium chemistry from Roche (Basel, Switzerland).
Resulting sequence sets were subjected to a denoising and clustering pipeline. Sequences were denoised using the PyroNoise approach implemented in Mothur (Schloss et al., 2009 ). This denoising approach removes bad quality sequences, creates sequence clusters and removes chimera sequences, while being based on clustering flowgrams rather than sequences alone, which allows 454 errors to be modeled and removed naturally (Quince et al., 2009 (Quince et al., , 2011 . We used the standard parameters for Titanium sequencing as suggested by Quince et al. (2009) , with a minimum flow amount of 360 and a maximum of 720. After denoising, the sequences of roots and soil were clustered using CROP. The program uses a Bayesian clustering algorithm, which addresses species delineation uncertainty better than hierarchical clustering methods because of its flexible cutoff and therefore creates significantly fewer artificial OTUs than other fixed cutoff clustering approaches (Hao et al., 2011) . Runtime parameters and source code from the analysis in R described below are provided in the Supplementary Information.
Owing to the nature of pyrosequencing, there were differences in read numbers for every sampling location, so we resampled the read numbers to equal amounts of 700 reads per sampling location, 350 each for root and soil subsample, using a bootstrap approach. Sampling locations with considerably lower read numbers than the resampling value (o260 per root or soil sample) were discarded (9 soil and no root samples). Based on read numbers, rarefaction curves were calculated for each root or soil sample per location. As all species accumulation curves were leveling off, no sample was excluded. Singletons were removed from all samples. The resulting OTUs were represented by an abundance matrix.
Phylogenetic tree calculation
Tree calculation was done with RAxML (Stamatakis, 2006) and BEAST (Drummond and Rambaut, 2007) . We added representative sequences of an small sub-unit-internal transcribed spacer-large sub-unit AMF reference alignment (Krü ger et al., 2012) to our data set to determine the phylogenetic position of our OTUs. Using the position of an OTU in a phylogenetic tree relative to reference sequence creates more reliable species estimation than just using database queries (Ross et al., 2008) . In order to compare the quality of our tree and to add more description to the OTUs, we annotated them using the BLAST hit with the lowest E-value. The reference alignment was first trimmed to the region present in our sequences and then used as a template in Mothur to align our OTU sequences. The two alignments were combined and further refined in MUSCLE (Edgar, 2004) . We used phylogenetic trees to further refine our OTU set and remove sequences that clustered outside the Glomeromycota and are therefore likely to be erroneous or non-AMF sequences. We used two different tree calculation approaches to validate the accuracy of the obtained phylogeny. Using RAxML, we calculated 1000 rapid bootstrap trees and subsequently applied a thorough maximum likelihood analysis. BEAST was run with the Extended Bayesian Skyline Plot as a tree model (Minin et al., 2008) with a chain length of 10 million generations, from which the best tree was chosen for evaluation. Trees were then inspected and edited using FigTree (Rambaut, 2012) .
Phylogenetic community structure We addressed community structure by analyzing phylogenetic diversity between the AMF communities. Using the picante package (Kembel et al., 2010) in R 3.0.2 (R Core Team, 2013), we obtained two estimates of phylogenetic diversity: (1) the standardized effect size of mean pair wise distance (SES-MPD), which measures alpha-diversity, and (2) inter-community mean pair wise distance (IC-MPD), which measures beta-diversity. Phylogenetic distances between OTUs serving as input for the estimates of phylogenetic diversities were calculated using the Needleman-Wunsch implementation of Esprit (Sun et al., 2009) . The SES-MPD was calculated using the phylogenetic distance matrix of the OTUs plus the abundance matrix of the OTUs per sample and applied a null model randomization. The result was an net relatedness index (NRI) value for each sample, which is defined as (-(MPD -MPD null )/ SD (MPD null )), where MPD is the mean pairwise phylogenetic distance among species in the sample (Kembel and Hubbel, 2006) . The mean values of the NRIs of all samples of roots and soil, respectively, were then used as the alpha-diversity measure to judge the clustering or segregation of the overall AMF community. Positive NRI values are correlated with clustering, negative values with overdispersion. The null model algorithm we used was 'independentswap' with 999 randomized null communities. 'Independentswap' retains column and row totals for null model analysis of species co-occurrence (Gotelli, 2000) . This approach is particularly suited to problems that concern differences in species composition, because it accounts for variations in other community attributes such as diversity and richness. Significance of the calculated NRIs was tested using t-test.
IC-MPD calculates pairwise phylogenetic distances of the samples, based on pairwise genetic distances between OTUs and yields a sample Â sample distance matrix as a measure of betadiversity. In order to include the IC-MPD information in a subsequent variance partitioning analysis (Legendre and Legendre, 1998) , the distance matrix was subjected to a principal coordinate analysis, a commonly used tool to reduce dimensionality, which provides a measure of the amount of variance explained in the a few independent principal axes (Legendre and Legendre, 1998) . The first two principal coordinate analysis axes, which represented a major of amount of total phylogenetic variation, were extracted and used as the phylogenetic explanatory variables.
Variance partitioning
The analysis of patterns in community structure was conducted in R, using the vegan (Oksanen et al., 2012) and the SPACEMAKER (Dray, 2011) package and the abundance matrix obtained from processing the sequences as response matrix. Spatial information (pairwise distance between samples), logtransformed environmental data (sample pH and C, N, P, and water content, and C/N ratio) and the estimates of phylogenetic beta-diversity were used as explanatory variables.
The OTU abundance matrix was Hellinger transformed and subjected to a multivariate analysis to test for effects of spatial, environmental and phylogenetic variables influencing community variation. In variance partitioning, 'space' stands indeed for spatial autocorrelation: moran eigenvector mapping was used to factor in spatial autocorrelation at multiple scales in community variance partitioning (Dray et al., 2006) . This method represents a general, more powerful version of the widely used principal coordinate analysis of neighbor matrix (Borcard et al., 2004) , which allows testing for several types of spatial structure. Several competing spatial models are possible and the most parsimonious model is selected using a multivariate extension of the Akaike Information Criterion (Akaike, 1973) . This model provides the best linear combination of eigenvectors accounting for spatial autocorrelation at multiple spatial scales and each eigenvector represents a certain scale (Dray et al., 2006) . We used redundancy analysis and variance partitioning to resolve the contribution of each of the factors to the total variance (Legendre and Legendre, 1998) . As this was an observational study, we applied a conservative logic: unequivocal evidences of the effect of a certain factor are obtained only when controlling for the effect of other factors. For example, shared variation between spatial and environmental factors may depend on the fact that we sampled along an environmental gradient. However, this correlation does not imply causation as linear changes in community composition can also be observed along directions where there is little environmental variation or the gradient may not structure the community directly (Legendre and Legendre, 1998) . Thus, a non-spatially structured effect of the environment would suggest that communities are similar if their environments are similar, regardless of their spatial position. This is more robust evidence of independent effects of the environment in the framework of observational studies. This is also the reason why spatial autocorrelation at multiple scales needs to be accounted for in order to perform a robust test of factors that are spatially structured (Legendre and Legendre, 1998; Borcard et al., 2004) . In this sense, it is not the spatial variation in itself that is under investigation because this variation can be due to several possible and collinear factors that neither have been measured nor can be disentangled from measured factors. Given this logic, variance partitioning is the appropriate tool to quantify the unique contribution of the three factors investigated in this study (Borcard et al., 1992) . Factors were tested using a partial redundancy analysis-based permutation approach, which tests for the focal factors by controlling for the other factors (Oksanen et al., 2012) .
Results
Study area and sample collection
The study area was characterized by steep gradients in all measured environmental components, following roughly the uphill-downhill direction (Supplementary Figure S1) . Plant available phosphorus concentration was low in most of the plots, with a range from 10.9 soil to 85.0 mg kg -1 (median 30.1 mg kg -1 ). Soil C to N ratios varied between 13:1 and 43:1 (median 19:1), pH showed a range from 5.5 to 8.3 (median 7.4) and root colonization by AMF ranged from 5% to 99% (median 77.5%). The colonization was significantly correlated with an increase in loam content of the soil, which linearly correlated with water content and organic content (Supplementary Figure S2; for all environmental data see Supplementary Table S1 ). We did not find a correlation between root colonization and phylogenetic distance. Correlation analysis shows that most of the environmental variables were correlated with each other, confirming our prediction of a single linear environmental gradient, with the exception of soil phosphorus (Supplementary Table S3 ).
454-Pyrosequencing and OTU delineation
After resampling and removal of singletons and non-AMF sequences, the root data set consisted of 54 OTUs and the soil data set of 73 OTUs, with a total of 74 OTUs. Almost half of the detected OTUs (32 of 74) belonged to the genus Glomus sensu (Schü ler and Walker, 2010), and in most samples this was the most abundant taxon. The others were spread across all major AMF groups, spanning 10 different AMF genera (Figure 2 ), suggesting that our methods are capable of detecting all major lineages within AMF. The dominance of Glomus was also found when comparing the read numbers of each of the AMF genera instead of OTU numbers (Figure 2) . The highest abundance of sequence reads to any of the OTUs was attributed to a member of the Rhizophagus genus, which based on BLAST annotations is (164), the exclusion of OTUs that did not yield any BLAST result (33), resampling (13) and removal of non-AMF sequences identified from the trees. Our primers proved to be highly AMF specific, with only a few non-target OTUs from the Chytridiomycota phylum and other fungi (17).
If sampled sufficiently, the root community should ideally represent a subset of the soil community. We found only one OTU in the root data set, which was not part of the soil data set and which was very likely a sampling effect on the very rare OTU. The rarefaction curves (Supplementary Figure  S3) showed that all the communities were leveling off or were very close to saturation. The sequences clustered well with Glomeromycota reference data ( Figure 3 ) as published in Krü ger et al. (2012) . In general, phylogenetic position in the tree could assign many OTUs to genera that were only poorly annotated in the NCBI database (for example, 'uncultured Glomeromycetes'; Figure 3 ).
Phylogenetic community structure
The SES-MPD null model analysis showed significant differences from random distribution, when the abundance weighed data were used (Table 1) . Mean NRIs for both root and soil data sets were positive with comparable sizes (0.27 and 0.26), which means that AMF communities contain taxa that are phylogenetically more related than expected by chance (that is, significantly clustered). In the non-abundance weighted SES-MPD indices, the trend toward clustering is still present, albeit not significant. As the number and relative abundance of OTUs was strongly biased toward the Glomus group (Figure 2) , we split up the data into Glomus and non-Glomus OTUs and performed a separate analysis on each group. For both data sets, the significant phylogenetic clustering persisted suggesting the pattern is valid independent of whether closely or distantly related taxa are compared. In the Glomus data set, significance was independent of abundance with effect sizes being comparable in root and soil. In the non-Glomus OTU set, results were similar to the complete OTU set. The magnitude of the NRI was comparable in root and soil.
Variance partitioning and community clustering
The variance of the whole OTU set was significantly explained by spatial and phylogenetic patterns plus their combined effects (Figure 4 , Supplementary Table  S2 ). The phylogenetically structured environmental effect was very small (o0.0001) in all of the treatments, so this partition was omitted. The influence of spatial position was more important in soil than in roots when abundance data were used, while with presence-absence data phylogenetic composition was more important in soil than in roots. Effects of spatially structured environment as well as environment alone remained comparable among root and soil, as well as between abundance and presence-absence data, but in general abundance data increased the amount of variation explained.
For the Glomus OTU variation, the major explanatory components were again phylogeny and the spatial signal (Figure 4 ; Supplementary Table S2) . Differences between root and soil indicated that environmental filtering is more selective in soil.
In the data set of all OTUs except Glomus, spatial and phylogenetic components were again the major variables contributing to explained variation (Figure 4 ; Supplementary Table S2) and major differences were found between root and soil. Phylogeny was a major explanatory variable, but it decreased significantly from root to soil. In the roots, the decrease in phylogenetic signal was also found in the joint effect of spatial structure and phylogeny. Finding comparable results when removing the most abundant taxon group shows that the patterns are not exclusively shaped by Glomus alone.
Discussion
In this study, we have been able to quantify the relative predictive power of different factors in explaining small-scale AMF community composition in a semi-natural grassland. The three main community factors under investigation were environmental drivers, spatial structure and phylogenetic distance and below we discuss each of them with regard to our three main questions.
Do environmental factors structure AMF communities?
Previous studies addressing AMF community structure and applying variance partitioning have shown the dependence of AMF on the environment (for example, Lekberg et al., 2007; Dumbrell et al., 2010b) . In our study, the non-spatially structured environmental component explained only little of the variation in community structure. Despite our expectations that a gradient like the one we found in our field site should significantly shape a soil community, the environment was only found to be significant in the 'Glomus only' and 'non-Glomus' subsets. Given that these two groups may respond slightly differently to environmental properties, this could then lead to diminished significance in the overall data set. However, environmental effects can definitely exert their effect along a gradient in a spatially structured manner, as indicated by the variance fraction accounting for spatially structured effects of the environment. Nevertheless, even if one sums that amount of variation accounted for by spatially structured and not spatially structured environmental effect, the total contribution of the environment remains small relative to the other investigated factors. (2012) small sub-unit-internal transcribed spacer-large sub-unit alignment and one non-AMF outgroup ('D74UF_OG', an unidentified member of the Chytridiomycota). Tree calculation was done in RAxML. Nodes ending in triangles represent collapsed species divisions, which did not contain any of our OTUs, in order to increase visibility. Node numbers represent Bootstrap values. The node descriptions containing a 'ROOT' or 'SOIL' tag represent the OTUs defined in our study, while the other nodes represent the sequences from Krü ger et al.
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Instead, our results suggest that the AMF communities in our study area are predicted mainly by the spatial distance between samples and phylogenetic distance between OTUs, when the effect of the environment has been taken into account. As our environmental gradient was quite steep and concentrated in a small area, we have reduced confounding factors such as historical events and/ or dispersal limitation, which are present in broadscale studies. Moreover, confounding effects because of plant identity are also absent given that the observed AMF community is standardized on an organism of wide prevalence that belong to a genus (Festuca) that very often dominates dry grasslands worldwide. Certainly, at broader spatial scales the relative role of the various drivers of community composition may change and we stress that the local community we are here investigating must represent a local subset of the regional AMF pool. Ultimately, our local community is therefore also the result of broad-scale dispersal processes and environmental filtering processes that we cannot resolve in our study. For this same reason, we believe that, given the state-of-the-art, our approach offers a fair compromise between the ecologists' quest for general conclusions derived from large-scale fully randomized design (for example, no focal plant) and the need for the collection of robust patterns from field studies performed at local spatial, temporal and taxonomic scales. In other words, the locality of our study is showing fairly dominant nonrandom phylogenetic and spatial patterns in AMF communities: these patterns could have been neglected in the past given the multitude of factors that structure AMF assemblages from very local to regional scales. Indeed, in other studies stronger environmental effects have been found: Dumbrell et al. (2010b) studied an extremely pronounced pH gradient (o4-8), the study of Lekberg et al. (2007) focuses on agricultural fields at larger scales, and thus different community-structuring mechanisms Figure 4 Percentage of variation explained by permutation tests based on redundancy analysis (RDA) and decomposition of the total variation in the community matrix into unique environmental (soil properties), spatial (geographic position) and phylogenetic (genetic distance) components. Bars of combined effects represent the shared variation between these two components. Either abundance data ( þ abu) or presence-absence data ( À abu) was used when calculating the phylogenetic component for the variance partitioning. Values are based either on the whole OTU set or on the Glomus OTUs and the non-Glomus groups, respectively.
Phylogeny and AMF community assembly S Horn et al may operate under different ecological settings. It is also possible that significant effects of the environment on AMF may be confounded with environmental effects on the host plants (Sharma et al., 2009) . The results therefore indicate that spatial and phylogenetic distance are the major representatives of the underlying processes shaping the community at small spatial scales, with soil results being similar to the roots, but more clearly separated into spatial and phylogenetic components (Figure 4 ; Supplementary Table S2 ). An explanation for the higher amount of variation explained in soil is that root communities may be strongly shaped by heavily root colonizing (that is, abundant taxa). The communities may also be more (temporally) dynamic, and thus more prone to sampling effects, that is, which plant species and when during their life cycle is sampled.
How much influence do distance-based effects and stochastic events have on AMF community structure? We observed a large fraction of AMF community variance explained by spatial patterns after controlling for environmental factors and phylogenetic distance. Dispersal or unmeasured environmental factors as well as biotic interactions not leaving a phylogenetic signal are all possible factors behind these spatial patterns (Chang et al., 2013) . Given the variables we measured, it is unlikely that we missed out major environmental predictors of AMF communities. In addition to that, every measured environmental variable was spatially structured in our study area along the sampled gradient and it is therefore reasonable to assume that effects of unmeasured environmental variables are included in the variation shared by spatial eigenvectors and the measured environmental variables. On the small scale of our study, dispersal limitation is less likely but AM communities can be exceptionally patterned already at a sub-meter scale (Mummey and Rillig, 2008) , so that dispersal constraints can indeed have a role at a 15-m scale. Stochastic population dynamics because of irregular, unpredictable environmental or demographic fluctuation may also contribute to these patterns. Spatial structure that is independent of environmental factors indicates that chance-events have a role in community composition although biotic interactions such as competition may also contribute to spatial patterning. Dumbrell et al. (2010a) suggested that chance-events could lead to a positive feedback mechanism on any taxon in the community, which could be random and self-reinforcing. This hypothesis could explain a diminished environmental signal and a strong spatial patterning. Regardless of the contribution of stochastic effects, the significant phylogenetic structure of the assemblages shows that AMF communities are also significantly shaped by deterministic processes.
Is the AMF community phylogenetically structured? We find that phylogenetic distance can account for a relative large and statistically significant fraction of AMF community: AMF communities consist of taxa that are more related than expected by chance. This can be an effect of at least three processes: convergence via habitat filtering because taxa that are similar in traits respond in a similar way to environmental factors; or plant-AMF interactions are such that the focal plant selects phylogenetically clustered AMF assemblages. Third, fungal interactions with the soil biotic community (for example, arthropods) could create interactions that support assemblages of conserved traits: the selected AMF are those that share traits that allow them to coexist. Whichever is the cause, the effect propagates to the soil AMF assemblage and seems even stronger in some cases in the soil than in the roots. Given that the soil abiotic environment has little effect on AMF, especially when controlling for spatial autocorrelation, our results suggest that biotic interactions are more likely to be responsible for the AMF phylogenetic community pattern, although we cannot completely rule out environmental filtering as one of the source of the observed phylogenetic signal.
In AMF, phylogenetic community patterns can inform on assembly processes (HilleRisLambers et al., 2012) because AMF traits are phylogenetically conserved (Powell et al., 2009) . The fact that phylogenetic clustering was more intense when abundance was taken into account suggests that taxa within the most abundant group, Glomus, share traits that allow them to coexist. This coexistence can take place because of similar, positive interactions with the host: if the host plant selects for a particular set of conserved AMF traits from a pool that varies from one place to the other, this will result in higher clustering than expected by chance. Besides this process, the neighboring plant community of our focal species could also have a role in determining phylogenetic patterns in the AMF community: analyzing the neighboring plant community of the F. brevipila plants showed that significant plant-plant interactions contribute to plant community composition in close proximity of F. brevipila (Horn et al., unpublished) , and this could in turn also influence the AMF communities of the focal plant (Hausmann and Hawkes, 2009 ), but it is not straightforward what the effect would be in terms of expected phylogenetic pattern (clustering vs dispersion). Our results are similar to those of Roger et al. (2013) , who found closely related AMF to be more likely to coexist, presumably because of lack of competitive exclusion. This counterintuitive agreement between studies appears to indicate a general pattern and warrants future study. It may indicate that closely related AMF are similar in traits that are favored by plants (because of spatialtemporal dynamics), and that this is not offset by competition for root or soil space because competition should reduce phylogenetic clustering if traits involved in the competition processes are phylogenetically conserved.
Other members of the plant microbiome have been shown to exhibit similar community patterns (that is, phylogenetic clustering) as we find here for AMF, for instance, rhizobia (Sachs et al., 2009) . Facilitative interactions between fungi have been shown in ectomycorrhiza (Shaw et al., 1995; Koide et al., 2005) , ericoid mycorrhiza species (Gorzelak et al., 2012) and have been recently indicated for AMF as well (Thonar et al., 2014) . Facilitation between closely related AMF as well as antagonism between distantly related taxa would ultimately result in a phylogenetically clustered AMF community. Only more mechanistic, experimental studies will in the future tell which of the proposed mechanisms contribute to community phylogenetic clustering in AMF.
Conclusions
Here we report that in AMF communities spatial and phylogenetic patterns independent of environmental factors appear to be a major source of community variation even at the small scale of this study, which suggests that environmentally independent and even stochastic events can deeply affect AMF assemblages already at fairly small (1-10 m) scales. AMF communities are strongly structured in terms of phylogenetic relationships between fungi as evidenced from their phylogenetic clustering. Given the weak effects of the environment, we propose that this pattern is explained by direct or indirect positive interactions among fungi and their biotic environment. Phylogenetic clustering was observed both in the roots and the soil and in some cases phylogeny explained more variation in soil. In order to elucidate the mechanisms behind these patterns, the study of fungal traits offers a promising research avenue in microbial ecology.
